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Abstract-Abrasion resistance of solution polymerized
styrene-butadiene rubber (SSBR) based composites is a
typical and crucial property in practical applications.
Previous studies show that the abrasion resistance can be
calculated by the multiple linear regression model. In our
study, considering this relationship can also be described
into the non-linear conditions, a Multilayer Feed-forward
Neural Networks model with 3 nodes (MLFN-3) was
successfully established to describe the relationship between
the abrasion resistance and other properties, using 23
groups of data, with the RMS error 0.07. Our studies have
proved that Artificial Neural Networks (ANN) model can be
used to predict the SSBR-based composites, which is an
accurate and robust process.
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I. INTRODUCTION
Rubber, a kind of elastic materials, is now be widely
used in the practical applications and researches [1-2].
Auto tyre is a typical rubber matrix composite structures,
which is a crucial property of the automobile, sustaining
the weight of the vehicles for shock absorption [3].
Abrasion resistance is one of the most significant
performances of these rubber materials, which is highly
correlate with the working life of rubber items [4].
Therefore, it is of great importance that to study the
abrasion resistance of rubber materials. In practical
applications and researches, however, because of the
complexity of the norms and operations, the precise
abrasion resistance of rubber materials are difficult to
determine. In previous studies, B. Wang and his
co-workers [5] developed a multiple linear regression
model to estimate the abrasion resistance of solution
polymerized styrene-butadiene rubber (SSBR), with
precise results. In our research work, we aimed at studying
the non-linear relationships of abrasion resistance of
SSBR and other properties, for establishing a precise and
robust Artificial Neural Networks (ANN) model to predict
the precise values of SSBR's abrasion resistance.
II. ARTIFICIAL NEURAL NETWORKS
A. Fundamental of ANN models
Network model is widely used in many areas, such as
signal and image processing [6-7], wireless sensor
network [8-10], biological modeling [11-13]. A neural
network is composed of an interconnected group of
artificial neurons, and a connectionist way is taken to
process information for it. In most circumstances, an
artificial neural network (ANN) is an adaptive system that
is equipped to be adapting continuously to new data and
learning from the accumulated experience [14] and noisy
data. Apart from that, the system structure can be changed
based on external or internal information that flows
through the network during the learning phase. Meanwhile,
essential information can be abstract from data or model
complex relationships between inputs and outputs.
Figure 1. A schematic view of artificial neural network structure.
From Figure 1, the main structure of the artificial
neural network (ANN) is made up of the input layer and
the output layer. The input variables are introduced to the
network by the input layer [15]. Also, the response
variables with predictions, which stand for the output of
the nodes in this certain layer, provided by the
network .Additionally, the hidden layer is included. The
type and the complexity of the process or experimentation
usually iteratively determine the optimal number of the
neurons in the hidden layers [16].
B. Training process of ANN models
The data of abrasion and other mechanical properties
of SSBR-based rubber composites are obtained from B.
Wang's work [5], which is shown on Table 1.
TABLE I. ABRASION AND OTHER MECHANICAL PROPERTIES OF SSBR-BASED RUBBER COMPOSITES
Sample
Akron
abrasion
(1.61km) /cm3
Shore A
hardness
Modulus
at 100% /
MPa
Modulus
at 300% /
MPa
Modulus at
300% /modulus
at 100%
Tensile
strength /
MPa
Elongation at
break /%
Tear
strength /
(kN • m_1)
Permanent
set /%
1 0.18 62 2.1 11.5 5.5 18.1 417 38.3 12
2 0.21 62 2.1 10.7 5.1 17.5 427 41.8 12
3 0.22 70 2.0 10.8 5.4 15.5 456 47.2 12
4 0.29 64 2.6 11.2 4.3 16.7 405 40.3 12
5 0.31 64 2.4 10.1 4.2 15.7 414 41.9 12
6 0.13 67 1.5 7.6 5.1 24.3 698 53.6 20
7 0.13 63 1.4 8.3 5.9 25.3 680 57.0 20
8 0.09 70 1.7 8.9 5.2 22.0 628 42.3 20
9 0.08 63 1.5 9.3 6.2 20.4 568 42.0 16
10 0.10 71 2.5 12.3 4.9 21.5 475 40.6 20
11 0.17 69 2.3 10.6 4.6 17.2 470 46.5 12
12 0.07 65 2.4 11.7 4.9 27.6 502 53.0 16
13 0.16 70 2.5 12.1 4.8 20.1 421 49.1 12
14 0.34 60 1.4 5.9 4.2 16.6 557 41.7 16
15 0.18 60 1.8 12.0 6.7 18.8 405 36.5 8
16 0.20 60 1.9 12.7 6.7 20.1 357 34.0 12
17 0.23 60 1.9 12.9 6.8 19.4 397 34.3 16
18 0.26 62 2.1 12.6 6.0 16.0 336 33.3 12
19 0.35 62 1.5 9.2 6.1 16.9 475 32.2 20
20 0.29 67 1.9 10.1 5.3 19.6 328 44.8 16
21 0.34 64 1.8 6.7 4.5 19.9 577 35.0 10
22 0.19 61 2.4 12.1 5.0 18.7 427 45.1 16
23 0.21 63 2.7 12.5 4.6 19.2 436 49.0 16
The ANN models were developed by two kinds of
typical models : General Regression Neural Networks
(GRNN) [17] and Multilayer Feed-forward Neural
Networks (MLFN) [18]. The nodes of MLFN models are
set from 2 to 16, so that, we can observe the change of the
RMS error. The results are the average of a series of
repeated experiments, in order to ensure the robustness of
the models. The training results of different ANN models
are shown on Table 2:
TABLE II. RESULTS OF DIFFERENT ANN MODELS IN PREDICTING
SSBR'S AKRON ABRASION
ANN model Trainedsamples
Tested
samples
RMS
error
Running
time
GRNN 18 5 0.14 0:00:00
MLFN 2 Nodes 18 5 0.08 0:00:36
MLFN 3 Nodes 18 5 0.07 0:00:39
MLFN 4 Nodes 18 5 0.09 0:00:43
MLFN 5 Nodes 18 5 0.12 0:00:53
MLFN 6 Nodes 18 5 0.09 0:01:09
MLFN 7 Nodes 18 5 0.09 0:01:17
MLFN 8 Nodes 18 5 0.17 0:01:43
MLFN 9 Nodes 18 5 0.15 0:02:05
MLFN 10 Nodes 18 5 0.12 0:02:27
MLFN 11 Nodes 18 5 0.44 0:02:49
MLFN 12 Nodes 18 5 0.45 0:04:00
MLFN 13 Nodes 18 5 0.24 0:05:22
MLFN 14 Nodes 18 5 0.14 0:07:57
MLFN 15 Nodes 18 5 0.08 0:18:40
MLFN 16 Nodes 18 5 0.07 8:15:05
Table 2 presents the results of different ANN models.
The MLFN model with 3 nodes (MLFN-3) and MLFN
model with 16 nodes (MLFN-16) have the lowest RMS
error. Meanwhile, the training time will rapidly increase
by increasing the nodes’ number. The training time of
MLFN-3 model is much longer than MLFN-16. Therefore,
the MLFN model with 3 nodes is selected to predict the
akron abrasion of SSBR-based rubber composites with the
lowest time consuming and RMS error.
C. Results and discussion
Figure 2 to 4 depict the results of training process.
We found that the values are concentrated and
corresponded with the normal training process of MLFN-3
model, showing that the training process is correct and
precise.
Figure 2. Comparison between predicted values and actual values
during training process.
Figure 3. Comparison between residual values and actual values
during training process.
Figure 4. Comparison between residual values and predicted values
during training process.
Figure 5. Comparison between predicted values and actual values
during testing process.
Figure 6. Comparison between residual values and actual values
during testing process.
Figure 7. Comparison between residual values and predicted values
during testing process.
Figure 5 to 7 depict the testing process of the
MLFN-3 model. All the values in the three figures are the
average values, so the model is accurate and robust.
According to the testing results, our model has been
proved to be suitable and reasonable for predicting SSBR's
akron abrasion. Previous studies [5] show that the
relationship between abrasion resistance and other
correlative properties are usually considered to be linear.
However, our studies show that non-linear function is a
better model for describing this relationship. We can
obtain the akron abrasion of SSBR-based composites by
the existing data base directly using ANN model.
III. CONCLUSION
Our research has successfully established a
Multilayer Feed-forward Neural Networks model with 3
nodes (MLFN-3), which can perfectly describe the
relationship between the abrasion resistance and other
properties. In future studies, we'll pay more attention to
explore the relationship between different properties of
solution polymerized styrene-butadiene rubber based
composites.
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